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ABSTRACT
We describeSRI’s large vocabulary conversationalspeechrecog-
nition systemas usedin the March 2000 NIST Hub-5E evalua-
tion. The systemperformsfour recognitionpasses:(1) bigram
recognitionwith phone-loop-adapted,within-word triphoneacous-
tic models,(2) lattice generationwith transcription-mode-adapted
models,(3) trigramlatticerecognitionwith adaptedcross-wordtri-
phonemodels,and(4) N-bestrescoringandrerankingwith various
additionalknowledgesources. The systemincorporatestwo new
kindsof acousticmodel: triphonemodelsconditionedon speaking
rate,andanexplicit joint modelof within-wordphonedurations.We
alsoobtainedanunusuallylargeimprovementfrom modelingcross-
word pronunciationvariantsin “multiword” vocabulary items. The
languagemodel(LM) wasenhancedwith an“anti-LM” representing
acousticallyconfusablewordsequences.Finally, we applieda gen-
eralizedROVER algorithmto combinetheN-besthypothesesfrom
severalsystemsbasedondifferentacousticmodels.

1. Intr oduction
Thegoalsin developingSRI’s DECIPHERMarch2000Hub-5eval-
uationsystemwere twofold: first, we wantedto integrateseveral
novel researchefforts into an overall recognitionsystem.We also
wantedto significantly enhancethe baselineperformanceof our
system. The secondgoal was importantsincewe felt that a com-
petitive baselinewasneededto demonstratethebenefitsof new ap-
proaches,andbecauseour previous,1998Hub-5system’s word er-
ror rate(WER) hadlaggedbehindthe bestsystemsby about10%
absolute.

Hence,wedecidedto improveoursystemin asmany aspectsaspos-
sible,combiningthreestrategies:(1) inclusionof known techniques
not previously part of SRI’s system,(2) improved implementation
andtuningof previously usedtechniques,and(3) novel techniques
not previously usedin largevocabularycontinuousspeechrecogni-
tion (LVCSR)systems.In this paperwe summarizeour efforts and
resultson all threefronts. We focuson novel methodsthatgaveap-
preciableimprovementsin recognitionaccuracy, but alsotouchon
someapproachesthat seemedpromisingbut did not endup yield-
ing improvedresults.Wealsohopethattheresultsinvolving known
techniqueswill beusefulfor othersystemdevelopers.

Tables1 and 2 outline the processingstepsand error ratesof the
old and the new evaluationsystems,respectively. As shown, the
new systemachievesa 12.5%absolute(24% relative) reductionin
WER,andinvolvesa largernumberof processingsteps,whichwill
be detailedbelow. The systemruntimeon the Hub-52000testset
was320 timesreal time on a 400 MHz Intel Pentiumsystem.Un-
lessstatedotherwise,reportedresultspertainto asubsetof the1998
Hub-5evaluationtestset,consistingof 20 conversationsides(1143
utterances)thatwerebalancedfor difficulty androughlyfor gender

Table1: 1998Hub-5systemstructureandperformance

Processingstep WER
1. Genderdetection -
2. Cepstralmeanremoval -
3. Bigramrecognitionwith SI models, -

latticegeneration 59.7
4. Vocal-tractlengthnormalization -
5. Phone-loopadaptation;latticegeneration 55.9
6. Transcription-modeadaptation 55.2
7. N-bestrecognition,trigramrescoring 53.0
8. Acousticrescoring 52.6
9. Confidenceestimation -

Table2: 2000Hub-5systemstructureandperformance

Processingstep WER
1. Genderdetection -
2. Cepstralnormalization;VTL normalization -
3. Phone-loopadaptation,bigramrecognition 47.3
4. N-bestgenerationandtrigramrescoring 45.6
5. Transcription-modeadaptation(bigramrec) 45.5
6. Bigramlatticegeneration;trigramexpansion -
7. Adaptcross-wordmodels;latticerecognition 43.2
8. N-bestgeneration -
9. Rescoringwith classandanti-LM 41.5
10. Rescoringwith durationmodel 40.9
11. N-bestROVER w/alternateacousticmodels 40.1
12. Confidenceestimation -

(11 females,9 males).
�

Throughoutthe paper, WER changesare
reportedasabsolutepercentagepointdifferences.

2. AcousticModeling
2.1.Front-endprocessing
As in thepast,our systemstartswith genderdetectionusinga two-
statehiddenMarkov model (HMM) with 256 Gaussianmixtures,
having onestateeachfor maleandfemalespeech.Thefeaturefor
this classificationis an 8-dimensionalcepstralvector. The gender�

For convenience, we alsouseda simplifiedscoringprocedurebasedon
therawreferencetranscripts,whichwaslessforgiving of spellingdifferences
andoptionalnonlexicalwordsthanthestandardNIST scoringprotocol.We
foundthatgenerallyNIST scoringreducedtheWER by about2.5%on this
development set. Only theresultsin Table6 usethefull NIST scoringpro-
cedureto enablecomparisonwith ROVER.



with the higherlikelihood over theentireconversationsideis cho-
sen.

After performinggenderselection,we recomputethe featuresby
usinga front endthatwasnewly optimizedfor recognition.As did
otherresearchersin theHub-5domain,weobservedanimprovement
by wideningtheanalysisbandwidthbeyondthatof thenominaltele-
phonechannel,to cover frequenciesfrom 100to 3760Hz. We also
increasedthenumberof cepstralfeaturesfrom9 to 13(includingC0,
plusthecorrespondingfirst andsecondderivatives). We foundthat
this reconfigurationof the front endalonereducedWER by about
4.4%absolute.

All featuresarethennormalizedto zeromeanandunit variancefor
eachconversationside. Variancenormalizationhadnot beenpart
of previous systems,and was found to give a WER reductionof
0.6%.Wealsocomputedgender-dependentestimatesof thespeaker
vocal-tractlength(VTL), basedon the algorithmreportedin [24].
To computetheVTL, weusea128-Gaussianmixturemodeltrained
onasubsetof thetrainingdatausingmeanandvariancenormalized
features.TheVTL for eachtestconversationsideis thenestimated
by maximizingthe likelihood of the testdata,searchingover seven
discreteVTL valuesin the interval [0.94, 1.06]. Oncethe VTL is
estimated,we useit to recomputethe features,which arenow nor-
malizedfor VTL, mean,andvariance.

2.2.Cepstral modelingand adaptation

Ourprimaryacousticmodelsconsistedof genonic(bottom-upstate-
clustered),continuousdensityHMMs [5]. All modelsweregender
dependentandtrainedfrom acombinationof corpora:Switchboard
(3094conversationsides,160hours),EnglishCallHome(100con-
versations,16 hours),andMacrophone(readtelephonespeech,18
hours). About 10 hoursof Switchboardmaterialhad beenhand
checkedfor transcriptionand segmentationerrorsat SRI; the re-
mainingSwitchboardtranscriptswereold segmentationsprepared
by BBN. After initial modeltraining,all SwitchboardandCallHome
transcriptsweresubjectedto a flexible realignment(similar to [7])
that allowed initial or final substringsto be skippedor replacedby
a “reject” model,thusaccommodatingerrorsin segmentation.This
procedure,plusanadditionalEM trainingiterationwith thecleaned-
up transcriptsresultedin aWERimprovementof 0.3%.

Weobservednoimprovementsfromaddingthe1996and1997Call-
Hometestsetsto the training corpus. Also, we observed a small
degradationin recognitionaccuracy when we replacedour tradi-
tional Switchboardtraining corpuswith the retranscribedand re-
segmentedtranscriptsfrom MississippiState-ISIP[4], althoughthis
stepalsonearlydoubledtheamountof trainingmaterial. This sur-
prisingresultneedsmoreinvestigation;oneplausiblereasonis that
the trainingsetbecomesexcessively biasedtowardthecharacteris-
ticsof Switchboard-1(asopposedto Switchboard-2andCallHome).
Thishypothesisis consistentwith thefact thatothershaveobserved
improved resultswith an explicit strongerweightingof CallHome
trainingdata[11].

Initial N-bestandlatticegenerationusedwithin-wordtriphonemod-
els. Unlike in previous years,we alsotrained(andadapted)a set
of cross-wordtriphonemodels,for thesubsequent latticedecoding
stage.The introductionof cross-wordtriphonesreducedtheWER
by 1.3%.

Acoustictrainingresultedin 2,063malegenonesand2,348female
genonesof 64 Gaussianseachfor thewithin-wordtriphonemodels.
Therate-independentcross-wordsmodelsused3,064malegenones

and2,721femalegenones.Therate-dependentcross-wordmodels
(seeSection2.3) comprised3,323malegenonesand2,983female
genones.Adjusting the stateclusteringto producelarger models
gavenoimprovements(althoughthereis apossibilitythatthiswould
changeif we combinedlarger modelswith the addedtrainingdata
mentionedearlier).

Speaker-dependent acousticmodels were createdby a two-step
adaptationprocess.First, we adaptedthe gender-dependentGaus-
sian meansonly, by maximizing the likelihood of a phone-loop
model. This stepdoesnot requirea prior recognitionpass,yet it
yieldsover 50%of the improvementof a transcription-modeadap-
tation. We combinedthe phone-loopadaptedmodelswith trigram
N-bestrescoringto obtain high-quality hypothesesfor usein the
subsequent transcription-modeadaptation.In this secondstep,we
adaptedthegender-dependent modelsagain,this time usingbotha
block-diagonalmeanstransform[16] andvariancescaling[19].

Relative to our previoussystem,the adaptationprocedurewasim-
proved in several ways. The addition of variancescaling,which
hadpreviously beenomitted,reducedWER by 0.2%. We thenin-
creasedthenumberof phoneclasses(i.e., transforms)in thesecond
adaptationpassfrom 3 to 7, yielding a 0.7% lower WER. Finally,
wemadetheadaptationto transcriptionsmorerobustto recognition
errorsby replacinglow-confidenceword hypotheseswith a phone
loop, similar to the oneusedin the first adaptationpass. For this
purposethewordposteriorestimatesderivedasa by-productof the
trigramN-bestrescoringwerethresholdedat0.8. Thiscombination
of transcriptionandphone-loopadaptationreducedWERfurtherby
0.2%.

�
2.3.Duration and rate-of-speechmodeling
Two new kinds of model were included in this year’s system
to specifically addressduration-relatedaspectsof conversational
speech. The first of thesemodelscharacterizesphonedurations
within a word, conditionedon both the word identity and the co-
occurringphoneswithin theword. This is achievedby modelingthe
joint phonedurationdistributionsasword-dependent,multivariate
Gaussians,backingoff to triphone-andphone-conditioneddistribu-
tions for casesof sparsetraining data. The phonedurationmodel
is appliedasanadditionalknowledgesourcewhenrescoringthefi-
nal N-besthypotheses,andachieveda 0.8%WER reductionat that
stage.Detailsof theapproacharedescribedin aseparatepaper[17].

Duration,or local speakingratevariation,alsoaffectsthe spectral
propertiesof speech.This is accountedfor in our systemby hav-
ing separateacousticmodelsfor fast andslow realizationsof each
phone. The model is constrainedto switch betweenfast andslow
modelsonly at word boundaries.This approacheffectively com-
binesspeakingrate detectionand rate-specificscoringas part of
thedecodingprocess.As describedin [28], rate-dependentmodels
lower theWERby 0.7%in ourbaselinesystem.

3. Pronunciation Modeling
3.1.Dictionary optimization
Thedictionaryin SRI’sLVCSRsystemisbasedonversion0.4of the
CMU pronunciationdictionary. In previoussystemswe hadsimply
strippedthe lexical stressdiacritics in the CMU phoneset, based
on experimentsshowing thatstress-markedphonesdid not improve
recognitionaccuracy. This yearwe systematicallyexploredseveral�

Becauseof timeconstraintsthislastfeaturewasnot includedin theeval-
uationsystem.



Table3: Dictionary excerptshowing different kinds of multiword
pronunciations:(1) reducedform, (2) concatenatedcanonicalpro-
nunciations,and(3) canonicalpronunciationswith pauses

(1) a lot of ax l aadx ax
(2) a lot of ax l aot ahv
(3) a lot of ax - l aot - ahv

changesto thephoneset,andsettledonavariantin whichunstressed
[ah0] and [ih0] were codedas a separateschwaphone[ax]. We
alsoreplaced[t] and[d] in the appropriatecontexts by a new flap
phone[dx]. The dictionarythusmodifiedyieldedabout1% WER
improvement.

3.2.Multiword modeling
Next, our goalwasto modelthesubstantialpronunciationchanges,
especiallyphone(or evensyllable)reductionsfoundin spontaneous
speech[10]. Since thesechangesoften involve phonesat word
boundariesandarepredictableby wordcombinations,wedecidedto
follow the“multiword” approachalsousedby othersystemdevelop-
ers(e.g.,[7, 13]). Multiwordsarestraightforwardto implementin a
standardLVCSRsystem,sinceit only involvesdefiningvocabulary
itemscomprisingmultiplewords(e.g.,“going to”) andgiving them
idiosyncraticpronunciationswhereappropriate(e.g.,“gonna”).

Weconsideredall bigramsandtrigramsthatoccurredmorethan200
timesin thetrainingdata.A phonetician(ColleenRichey) examined
thecombinedpronunciationentriesandaddedpossibleidiosyncratic
alternateforms.

�
Only multiwordsthathadpronunciationsdiffering

from thecanonicalforms wereretained.This yielded1,389multi-
wordstypeswith a total of 1,802idiosyncraticpronunciations.To
these,weaddedall canonicalmultiwordpronunciations,takingcare
to includeforms with pausesat word boundaries.This resultedin
a total of 11,072multiword pronunciations.Table3 shows an ex-
ampleof the different kinds of dictionary entriescreatedas a re-
sult. Overall, multiwords coveredabout40% of all word tokens
in the SwitchboardandCallHometraining transcripts.Finally, we
retrainedacousticmodelswith the new dictionary and estimated
context-independentprobabilitiesfor all pronunciations,including
thoseof multiwords.

We foundthatwe couldpruneword pronunciationswith probabili-
tiessmallerthan0.3 timesthoseof themostprobablevariantwith-
out affecting recognitionaccuracy much. The pruneddictionary
retained3,652multiword pronunciationsandresultedin consider-
ablespeedupandmemorysavingsduring the initial bigramdecod-
ing phase,andactuallyyieldedasmallaccuracy improvementin the
lattice decodingruns,so we decidedto useit in both recognition
passes.

�
To incorporatemultiwordsinto the languagemodel(LM), we sim-
ply replacedthe appropriatebigramsand trigramsin the training
transcriptswith correspondingmultiwordsandotherwiseusedthe
standardLM training procedure. However, we obtainedbest re-
sults when thesereplacementsexcludedcaseswherenoisemark-
ers or punctuationhad occurredat word boundaries. We found�

This crucialstepwasinformedby bothlinguistic knowledgeandexpe-
riencegainedin theICSI SwitchboardTranscriptionProject[10].�

Post-evaluationwe foundabug thathadcausedpronunciationprobabil-
ities to beignored,althoughpruninghadnotbeenaffected.While wedid not
reruntheentirerecognitionsystemwe observedthatlatticedecodingresults
improvedby 0.3%afterwefixedtheproblem.

Table4: Multiword experiments(maledevelopmenttestset)

Model WER
No multiwords 49.0
Multiwords in LM only 48.3
Multiwords in dictionary(unpruned) 45.7
Multiwords in dictionary(probabilities) 44.5
Multiwords in dictionary(pruned) 44.8

that the multiword bigram LM performedbetter than the regular
bigram,presumablybecausethemultiwordseffectively capturefre-
quenthigher-orderN-grams.Thisis in agreementwith [13], but runs
counterto theresultsof [7], whichcouldbedueto theincreasedmul-
tiword coveragein our system,or thespecialtranscriptprocessing
describedabove.

Results Table4 shows comparative resultswith variousstagesof
multiword modeling on the male subsetof the developmentset,
usinga bigram recognizer. We found that multiwords in the LM
alonegave a 0.7% improvement,which increasedto 3.3% when
idiosyncraticmultiword pronunciationswere addedwithout prob-
ability weighting.Adding pronunciationprobabilitiesgaveanaddi-
tional 1.2%improvement,which wasonly slightly reducedby dic-
tionary pruning. On the full developmenttest set, the combined
WER reductionwith pruningwas4.4%. However, we found that
later in the recognitionsystem,the incrementalwin from decoding
trigramlatticeswasreducedby 0.4%,consistentwith thenotionthat
themultiword-bigramLM alreadybenefitsfrom partialmodelingof
higher-orderN-grams.

4. LanguageModeling

4.1.Word- and class-N-grams
Initial decodinguseda multiword bigram backoff LM containing
about1.3M bigrams.The LM wastrainedfrom all Switchboard-1
transcripts(3M words),100CallHomeconversations(210Kwords),
andtheBroadcastNews(Hub-4)LM trainingcorpus(130Mwords).
Therecognitionvocabularycontained34,000word types,including
all thosefound in thespontaneousspeechmaterialsandthe10,000
mostcommonwordsfrom the BroadcastNews corpus. Consider-
ableeffort wasspentin trying to makethe BroadcastNews tran-
scriptsconform to the Switchboardvocabulary (including the re-
placementof multiwords). SeparateLMs were trainedfrom each
corpusandthenstatically interpolatedinto a singlebackoff model
usingtheSRILM tools[21]. Theinterpolationweightshadbeenop-
timizedfor perplexity onprior evaluationdata.To savememoryand
timeduringinitial decoding,wealsoprunedtheLM of bigramsthat
causedlessthan

�����
	
relative changein perplexity [20]. Lattice

expansionusedan unpruned,trigram backoff LM (4.8M bigrams,
11.5Mtrigrams)constructedin thesamefashion.Thecompacttri-
gramexpansiontechniquedescribedin [26] wasemployedfor in-
corporatingtrigram LM scoresinto the latticesprior to thesecond
decodingpass.Our 1998evaluationsystemdid not usetrigramsin
recognitionfrom lattices,leaving themfor rescoringof thefinal N-
bestlists. We estimatethatthelattice-basedtrigramsearchreduced
final WER by about0.7%.

A furtherimprovementwasobtainedby rescoringN-bestlistswith a
class-based4-gram,for which word classeshadbeenautomatically
inducedfrom theSwitchboardandCallHometexts usinga mutual-
informationcriterion[3]. Theclass-LMprobabilitieswereinterpo-



Table5: Anti-LM performancecomparedto abaselineLM

Model Testset Weight
Tuning Held-out Std.LM Anti-LM

Baseline 41.9 43.5 9.1 n/a
Anti-LM 41.5 43.1 13.6 -2.4

latedwith thestandardtrigramat theword level, for awin of 0.6%.

Two additionalpotentialLM improvementsweinvestigatedwerean
explicit optimizationof thevocabularysize,andtuningof thereject
modelprobability(therejectmodelcorrespondstounintelligibleand
out-of-vocabulary wordsandfragmentsin the training transcripts,
but isotherwisetreatedasaregularword).However, neitherof these
experimentsgave improvedresults.

4.2.Anti-languagemodel

In previousyearswe hadexperimentedwith variousdiscriminative
LM trainingapproaches,with thegoalof makingtheLM sensitiveto
theacousticmodelandto optimizefor overallrecognitionerror[23].
Theseexperiments,basedon maximummutualinformationestima-
tion andgradientdescentin the LM parameterspace,werelargely
unsuccessful becauseof datasparsenessand overfitting problems.
This yearwe pursueda similar goal with a moreheuristic,but, as
wehoped,morerobustapproach.

Ourapproachis to constructaseparate“anti-LM” of thosehypothe-
sesthatareacousticallyconfusablewith correcttranscriptions.The
resultingN-gramLM givesascorethatcanbeusedtopenalizelikely
misrecognitions.The ideais differentfrom, yet similar in spirit to,
othercorrective modelingapproachesthatadjustmodelparameters
away from recognitionerrors[12, 1] or that learnpost-recognition
errorcorrection[18]. Theanti-LM itself canbetrainedontheacous-
tic trainingcorpus,andonlyasinglepenaltyweightparameterneeds
to beestimatedonheld-outdata,makingtheestimationvery robust.

We implementedtheanti-LM asfollows: 500-bestrecognitionhy-
pothesesfor a 1.6M word subsetof theSwitchboardandCallHome
training corporaweregenerated.The hypothesizedN-gramswere
weightedby the posteriorprobabilities(normalizedN-bestscores)
of thehypothesesin which they occurred.N-gramswith a total ex-
pectedcountof at least1 wereusedin estimatinga backoff trigram
anti-LM. The Witten-Bell discountingscheme[27] wasemployed
sinceit naturallygeneralizesto fractionalcounts.Wethengenerated
anti-LM scoresfor the2000-besthypothesesfrom our development
testset,andoptimizedthelog-linearscorecombinationweightsrel-
ative to thestandardacousticandlanguagemodels.

Results Table5 shows the N-bestrescoringperformanceon both
thedevelopmentsetusedfor tuningandtheheld-outdata.On both
datasetsthe anti-LM reducesthe WER by 0.4% comparedto the
baselinewithoutanti-LM. Also shownaretheoptimizedweightsfor
thetwo LMs. Theoptimizationof theanti-LM weightwasallowed
to usebothpositive andnegative values,yet it settledon a negative
valueasintended.

We alsoexperimentedwith variantsof thetrainingprocedure.One
variantwas to remove the correctN-gramsfrom the posteriorN-
bestdistribution,toemphasizeincorrectoutputs;anotherexperiment
usedonly acousticscoresto computeposteriorexpectedcounts,to
let the anti-LM focuson acousticconfusability. However, both of
thesemodificationsdegradedtheresultsslightly.

Incidentally, N-bestgenerationfor training the anti-LM madeuse
of a recognizerthat wasmuch poorerthan our currentsystem(it
usedthe1997Hub-5acousticmodels,bigramLM, andno speaker-
adaptive features). The effectivenessof the anti-LM under these
conditionsspeaksfor therobustnessof thetrainingapproach;onthe
otherhand,we canexpect further improvementsfrom a complete
retrainingwith thecurrentrecognitionsystem.

5. Model Combination
5.1.Progressivesearch organization
Our system follows the principle of progressive search [15],
wherebysuccessively more detailed(and computationallyexpen-
sive) knowledge sourcesare brought to bear on the recognition
searchasthehypothesisspaceis narroweddown. Accordingly, we
usewithin-wordtriphoneacousticmodelsandabigramLM for ini-
tial, unconstrainedrecognition;followedby trigramLMs andcross-
wordtrigramsfor decodingfrom lattices;followedby N-bestrescor-
ing with class-based4-gram,anti-LM, anddurationmodels.A re-
visedlattice-generationandexpansionalgorithm[26] allowedusto
apply cross-wordmodelsandthe trigram LM earlier in the search
thanin previoussystems.

Rate-dependentmodelswereintegratedinto the evaluationsystem
by generatinga separatesetof N-bestlists andapplyingthesystem
combinationtechniquedescribedin thenext section.Thisapproach
proved superiorto acousticrescoringof N-bestlists with the rate-
dependentmodels.

5.2.N-bestROVER
Thewidely usedROVER approachto systemcombination[8] com-
binesthe 1-bestoutput from several recognitionsystemsby vot-
ing amongthe varioushypothesesat the word level. In a related
approach,it wasbeenshown that WER canbe reducedby letting
thewordhypothesesfrom a singlerecognizervotewith their poste-
rior probabilities,sincethis reducestheexpectedword (ratherthan
sentence-level) error [22, 14]. This leadsto a naturalgeneralization
of bothapproaches,in which theN-bestlists from multiplesystems
arecombined.Word hypothesescanthencompeteon the basisof
posteriorprobability estimatesthat are interpolatedfrom multiple
systemoutputs,andarethereforemoreaccurate.This way, for ex-
ample,two second-rankedhypothesescould overridea 1-besthy-
pothesisif thecombinedposterioris highenough.

�
Algorithm The “N-best ROVER” algorithm starts by word-
aligningN-besthypotheses� from multiple systems�� . Eachsys-
temcomputesits own word posteriorestimatesby log-linearscore
weighting,followedby normalizationover all hypotheses:

� ������� �����
�
���  "!#�%$
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where � is a word hypothesisand 8�� 9 � � � ��� is the : th log scorefor
hypothesis� in system � . Thecombinedposterioris computedas
alinearcombination� ���;� ����� �

�=< �
� �>���;� ��� (2)

�
The ideaof combiningmultiple hypothesesspaceswasindependently

developedby [6] for lattices,andagainfor N-bestlists by [9]. Our imple-
mentationof N-bestROVER is availablein [21].



Table6: Systemcombinationresultswith N-bestROVER

System WER
Rate-indep.cross-word+ duration+ anti-LM 37.6
Rate-dependentcross-word 39.2
Rate-independentnon-cross-word 41.2
N-bestROVER 37.1
StandardROVER 37.4

where< � aresystemweights,empiricallychosenandsummingto 1.
As usualin N-bestor lattice-basedvoting,thewordhypotheseswith
thehighestposteriorat eachpositionin thealignmentareconcate-
nated.

Results Table 6 shows comparative results with three individ-
ual systems,N-bestROVER combination,andthe standard1-best
ROVER. The parametersof both ROVER methodshadbeenopti-
mized for the testset. The WER with N-bestROVER wasabout
0.3%below thatof thestandardROVER, consistentwith resultsby
[6]. We alsofound that it wasbestto combinesystemswith mini-
mal overlapin their knowledgesources.Accordingly, only thefirst
systemincorporateddurationandanti-LM rescoring.

TheN-bestROVER result(37.1%)wasthefinal WER of our eval-
uationsystemon thedevelopmentset,usingthe full NIST scoring
protocol.ThecorrespondingnumberontheMarch2000testsetwas
30.2%.

Weight optimization for word-level scoring Thescorecombina-
tion weights ?
� 9 in Equation(1) needto be optimizeddiscrimina-
tively. In thepastweachievedthisapproximatelyby carryingoutthe
usualoptimizationfor sentence-level hypothesisranking,andthen
rescalingsothat theLM receivesweight1. We recentlydeveloped
anew approachthatdirectly optimizestheweightingfor word-level
hypothesisselection,inspiredby thediscriminativemodelcombina-
tion (DMC) algorithm[2]. However, becauseof theform of (1), the
closed-formsolutionof DMC doesnot apply; instead,we optimize
by gradientdescenton a smoothedword-errorfunctionin thestyle
of GPD[12].

6. ConfidenceEstimation

As in previousyears,weusedaneuralnetworkto estimatewordcor-
rectnessprobabilities(confidences)from word-level features[25].
However, becauseof time constraints,we limited thenumberof in-
put featuresseverely. Only thecombinedword log posteriorsfrom
the N-bestROVER systemwereused,sincethis measurealready
constitutesaconfidencemeasurethatincludesall knowledgesources
usedby the recognizer. The networksimply adjuststhe posterior
estimatesto compensatefor thebiasresultingfrom the limited hy-
pothesisspacerepresentedin theN-bestlist, asshown in Figure1.

We addedtwo minor, readily availablefeaturesthat could help the
networkgaugethe magnitudeof the posterioroverestimates.Us-
ing the overall numberof wordsin the hypothesisandthe relative
positionof theword within theutterance,we achieveda small(1%
relative) reductionin cross-entropy. The normalizedcross-entropy
(NCE) achievedon the1998developmentsubsetwas0.207(0.233
on the March 2000 test set). Sincethesevaluesare considerably
higherthanin previoussystemsweconcludethattheN-bestROVER
approachsignificantlyimprovesthepreliminaryposteriorestimates
comparedto thoseof asimpleN-bestapproach.

Figure1: Word-posteriorto confidencemappingby neuralnetwork
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7. Summary

Overall,thecombinationof techniquesdescribedherereducedword
errorrateby about12%absolutein ourHub-5system.Table7 gives
anapproximatebreakdownof this improvementestimatedfrom var-
iouscontrastiveexperiments;thesumof individualWERreductions
is smallerthanthe actualtotal reduction,partly becausethe base-
line WERsfor the variouscontrastswere higher than in the final
system,andpartly becausesomeof theapproachesoverlapin what
they model(e.g.,cross-wordacousticmodelingandmultiwordpro-
nunciations).

We note that by far the largestimprovementswere achieved by a
reconfigured,broader-bandfront end,andby extensive cross-word
pronunciationmodelingvia multiwords. Threenovel knowledge
sources,a durationmodel,rate-dependentacousticmodels,andthe
anti-LM eachcontributedsmall, but significantimprovements.Fi-
nally, an N-bestgeneralizationof the ROVER techniquegave an
additionalwin whencombiningmultiplesystemoutputs,aswell as
yielding improved word posteriorestimatesfor confidenceestima-
tion.

Table7: Factorsthatimprovedrecognitionaccuracy
What @ WER
Wider front end/morecepstralcoeffs. -4.4
Multiword dictionary -4.0
Cross-wordtriphones -1.3
Schwasandflapsin dictionary -1.0
Durationmodel -0.8
Rate-dependentmodel -0.7
More detailedadaptationtransform -0.7
Trigramlattices -0.7
Cepstralvariancenormalization -0.6
ClassLM -0.6
N-bestROVER -0.5
Anti-LM -0.4
Trainingtranscriptcleanup -0.3
Variancescalingtransforms -0.2
Total -16.2
Actual -12.5
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